Background: Advancements in knowledge of obesity aetiology and mobile phone technology have created the opportunity to develop an electronic tool to predict an infant's risk of childhood obesity. The study aims were to develop and validate equations for the prediction of childhood obesity and integrate them into a mobile phone application (App).
Introduction
Childhood obesity is one of the most daunting global public health threats [1] , with the projected cost to the UK National Health Service (NHS) estimated to be as high as £9.7 billion per year by 2050 [2] . The secular trend of increasing prevalence and earlier onset of childhood obesity [3] [4] [5] will have long term implications for health care because obesity tracks through the life course [6, 7] , increasing risk for a plethora of adverse health outcomes [8] . A key to improving the future health of the nation must lie in the prevention of childhood obesity as well as the treatment of its downstream sequalae.
The aetiology of childhood obesity is complex [9] , but two simple measures, greater birth weight and accelerated weight growth during infancy, have consistently been shown to increase risk of childhood obesity [10] [11] [12] [13] [14] . In a recent meta-analysis, Druet et al [15] found that the risk of childhood obesity increased twofold with each one unit increase in weight z-score between birth and one year (odds ratio (OR) 1.97, 95% confidence interval (95% CI) 1.83-2.12), with the risk of adult obesity increasing by 23% (OR 1.23, 95% CI 1. 16-1.30) . Further, the combination of birth weight, infant weight gain, and maternal body mass index (BMI) had a good ability to predict the risk of an infant becoming obese in childhood, with an area under the curve (AUC) of 77% (95% CI 74-80%).
The advancing knowledge of risk factors for childhood obesity and in mobile phone technology has created the opportunity to develop an electronic tool that predicts during infancy an individual's risk of becoming obese. In the UK, growth monitoring in infancy is part of routine National Health Service (NHS) care [16] , thereby making the integration of an obesity risk tool with routine practice an achievable goal. An example of a paper-based tool for predicting obesity has been published [17] , but it lacks the sophistication and the usability necessary for practice. For example, it only includes one prediction equation, thereby limiting its use to one age in infancy, and it requires the user to do the calculations. More recently, a web-based risk calculator for predicting childhood obesity in newborns has been developed [18] , which performs the background calculations and estimates the risk of obesity as a percentage. Whilst this is a great improvement on the paper-based tool, extensive input data is required for variables which may not be available at assessment, and this may unfortunately limit its usability. It is the advent of smartphones and mobile devices such as tablets that really have the potential to revolutionise this type of clinical prediction tool. The uptake of smartphones is remarkable: in 2011 81% of US physicians used a smartphone [19] , thus a mobile phone application (App) that can predict childhood obesity has the advantage of being instantly available to thousands of users.
The present study aims to (1) develop prediction equations which can be used during infancy for the early identification of risk of childhood obesity, (2) validate the prediction equations internally using statistical methods and externally in a different population, and (3) integrate the equations into a novel userfriendly App.
Methods

Sample
The sample comprised 1868 participants in the Born in Bradford (BiB) birth cohort study (http://www.borninbradford. nhs.uk/) [20, 21] , of whom 804 were White British (422 boys, 382 girls) and 1064 were South Asian (540 boys, 524 girls). Briefly, BiB is a longitudinal multi-ethnic birth cohort study which recruited 12,453 women comprising 13,776 pregnancies recruited at approximately 28 weeks gestation between 2007 and 2010. The study aims to examine the impact of environmental, psychological and genetic factors on maternal and child health. Bradford is a city in the north of England with high levels of socio-economic deprivation and ethnic diversity. Similar to other cohorts, BiB has a subsample (BiB 1000, N = 1,735) whose data have been augmented by more detailed assessments than those conducted in the full cohort [22] . The parents of all participants gave informed written consent for the data collection, and ethical approval was granted by Bradford Research Ethics Committee (Ref 07/H1302/112).
Data
Weight and length at six, 12, and 24 months of age were measured by trained study workers as part of the BiB 1000 assessment schedule. Weight in kilograms (kg) was assessed using Seca baby scales and length in centimetres (cm) using a standard neonatometer (both from Harlow Health Care, London UK). These data were supplemented by infant weight and length measurements collected by health visitors as part of routine NHS care. At the beginning of BiB, a measurement protocol/standard was produced and all health workers received training in anthropometry [23] . Test-retest reliability was subsequently assessed and technical errors of measurement were reported to be similar to those obtained by anthropometrists in research studies [23] . In addition, agreement between routine measurements and research measurements in a separate UK birth cohort study (ALSPAC) has been shown to be high [24] , thereby providing justification for combining routine and research data in the present paper. A total of 3281 weight and length measurements were used in our analysis, 878 (26.8%) of which were research data and 2403 (73.2%) of which were routine data.
Data on childhood obesity risk factors were obtained from a number of sources. Maternal height (cm), ethnicity (White British/ South Asian (Pakistani, Indian, Bangladeshi and other South Asian)), education (,5 GCSE equivalent, $5 GCSE equivalent, 'A' level equivalent, Degree level equivalent, and other), and smoking during pregnancy (yes/no)) were obtained from an administered baseline questionnaire completed at recruitment at approximately 28 weeks of gestation. Maternal weight (kg) at pregnancy booking (approximately 12 weeks gestation), gestational diabetes (yes/no), gestational age at birth (,37 weeks/$37 weeks), gender (male/female), and birth weight (kg) were extracted from NHS maternity records. Maternal BMI (kg/m 2 ) was calculated using weight measured at pregnancy booking and height from the baseline questionnaire.
Development of Prediction Equations
Logistic regression was used to develop the prediction equations. Anthropometric data were converted to age-and sex-adjusted zscores by comparison to the UK90 reference [25] . The outcome was ''risk for childhood obesity'' defined as a BMI greater than the 91st centile at age two years (6 two months) and a conditional [26] weight z-score gain between birth and 2 years of age (6 two months) greater than one centile band. Conditional weight gain was used because it accounts for starting size and regression to the mean. Predictor variables included sex, birth weight z-scores, conditional infant weight z-score gain from birth to assessment age (i.e. the age at which the infant would be assessed for risk), maternal BMI, and the other variables listed in the data section.
To ensure that the App could be utilised in children over a wide range of ages in infancy, we developed three series of equations, the first to be used at 661.5 months (equation 1), the second at 961.5 months (equation 2), and the third at 1261.5 months (equation 3). The App would therefore be able to assess risk for childhood obesity in infants aged 4.5 to 13.5 months. Sample selection was based on complete covariate data, birth weight and weight/length data at age two years (62 months) in addition to weight data in at least one of the three age periods when assessment would take place. The number of infants in each prediction equation differed slightly, but was always greater than 700 (Table 1) .
All potential predictors were entered into backward stepwise multivariable models that retained predictors with a p-value ,0.05. These models tested possible interactions of sex by birth weight, sex by conditional infant weight z-score gain, ethnicity by birth weight, and ethnicity by conditional infant weight z-score gain. Individual risk prediction scores were calculated using the coefficients (where a is the constant and b 1 to b k is a vector of predictors) from each of the three final prediction equations:
Sensitivity, specificity, and positive and negative predictive values (PPV and NPV, respectively) were calculated at risk score distribution cut-off points of 10%, 20% and 30% and area under the curves (AUCs) for the final logistic regression models were obtained to quantify the overall discrimination of the equations.
All analyses were conducted using Stata/SE v12 [27] .
Validation of Prediction Equations
Internal validity was assessed using bootstrapping methods [28] . One thousand repetitions were used with replacement from the original sample for each equation, and the final bootstrap models then applied to the original samples.
External validity was assessed by applying the equations to an external sample and calculating the AUCs. We used data from the Children in Focus (CiF) subsample of the Avon Longitudinal Study of Parents and Children (ALSPAC) [29] . ALSPAC recruited 14,541 pregnant women, and 1432 families attended at least one CiF clinic. Ethical approval for the study was obtained from the ALSPAC Ethics and Law Committee and the Local Research Ethics Committees. The sample sizes of the ALSPAC cohort obtained for the present study were: equation 1 (n = 7), equation 2 (n = 880), and equation 3 (n = 867). Due to insufficient numbers equation 1 could not be validated with the ALSPAC data. Tables 1 and 2 describe the characteristics of the development (BiB 1000) and external validation (ALSPAC) samples respectively. The main difference between the samples from the two cohorts were that almost all the infants in the ALSPAC samples were of White origin (98%) compared to around 45% of infants of White British origin in the BiB 1000 cohort.
Results
The prevalence of childhood obesity in the BiB 1000 and ALSPAC samples respectively was 8.1% in equation 1 (insufficient data in the ALSPAC sample), 7.9% and 9.6% in equation 2, and 8.3% and 9.7% in equation 3.
Childhood Obesity Risk Prediction
Development model. Table 3 shows the factors that were significantly associated with the risk of childhood obesity at 2 years in the development models. The equation 1 sample revealed significant associations between risk of childhood obesity at 2 years and birthweight z-score, weight change z-score, maternal BMI, South Asian ethnicity and gestational age ,37 weeks. The equation 2 sample saw significant associations with birthweight zscore, weight change z-score and maternal BMI. In the equation 3 sample, only birthweight z-score and weight change z-score were significant, though the effect size of weight gain was considerably greater than in the samples for equations 1 and 2. The AUC (95% CI) for the three equations were, equation Validity of the prediction equations. The final multivariable bootstrap model for the equation 1 sample demonstrated statistical significance of birthweight z-score, weight gain z-score and maternal BMI, but not gestational age and ethnicity. However, the AUC (95% CI) for the bootstrapped model was the same as for the development model (85.8% (81.6-90.0%)). The bootstrapped models for equations 2 and 3 retained the same variables as the development models, with no change in AUCs. Due to insufficient numbers equation 1 could not be validated using ALSPAC data. Equations 2 and 3 had AUCs (95% CI) of 85.0% (81.0-89.1%) and 88.6% (85.2-92.0%) respectively when applied to the ALSPAC sample.
Prediction Equations used in the App
As birthweight z-score and weight gain z-score were significant predictors of childhood obesity in the development and validation models, they were selected as covariates in the sex-adjusted prediction model for the App. Discrimination accuracy of the risk scores for predicting childhood obesity was excellent, equation 1: AUC 85.3% (95% CI 81.0-89.6%), equation 2: AUC 85.7% (82.4-89.0%) and equation 3: AUC 91.1% (87.9-94.4%). The coefficients used to derive the childhood obesity risk scores from the final multivariable regression model are presented in table 4. At the 10% distribution cut-off point, the ranges from the diagnostic tests for the three equations were: sensitivity (50.6-65.6%), specificity (93.5-94.9%), PPV (41.2-54.1%) and NPV (95.5-96.8%) ( Table 5 ).
The coefficients used to derive the risk scores for a further three models which additionally included maternal BMI are presented in table 6 . The ranges from the diagnostic tests at the 10% cut-off point were: sensitivity (50.6-67.2%), specificity (93.5-95.1%), PPV (40.8-55.4%) and NPV (95.5-97.0%) ( Table 7 ). The AUC (95% CI) for equations 1, 2 and 3 were 85.8% (81.6-90.0%), 86.1% (82.8-89.4%) and 91.1% (87.9-94.4%) respectively.
The App: Healthy Infant Weight? Figure 1 shows the Healthy Infant Weight? App icon. Baby's sex, date of birth, birthweight and current weight are required, and maternal height and weight (to calculate BMI) are optional. The App can accept weight measurements in kilograms or pounds and height in centimetres or feet and inches. A risk assessment is displayed as high, medium or low risk of obesity and the current weight z-score is displayed. We chose a risk score distribution cutoff threshold of 10% as being high risk as this approximately reflected the proportion of children in our development and validation samples with obesity and rapid weight gain at 2 years. Children with a cut-off threshold of between 10-20% were defined as being of medium risk and children above 20% low risk. The risk assessment page is accompanied by government endorsed advice on healthy eating, physical activity and parenting tips together with links to an external website where further information can be obtained.
The App can be used on all Apple devices (iPhone, iPad and iPod Touch) and is free to download from the App store.
Discussion
Childhood obesity is a major public health threat in the UK [1] and innovative strategies to identify infants at the greatest risk are necessary for its prevention. Here, we provide proof of concept that childhood obesity risk prediction equations can be developed using existing birth cohort data and incorporated into a mobile phone application, suitable for use by parents and health care practitioners. The resulting App allows the prediction of risk for childhood obesity during a critical 9 month period of early growth (4.5 to 13.5 months), when biological responses to environmental stimuli can initiate obesogenic trajectories that have long-term consequences for health [30] .
There is extensive literature on the early life risk factors for obesity [10] [11] [12] , which is summarised in a recent review of systematic reviews [31] . Along with maternal diabetes, maternal smoking, no or short duration of breastfeeding, short sleep duration and physical inactivity; high birthweight and rapid infant weight gain were identified as consistent predictors of high obesity risk. The systematic review of Baird et al [32] , for example, showed an increased odds of obesity at ages 4.5-20 years in infants who grew the fastest ranged between 1.06 and 5.70. These odds ratios were generally greater than those for the other risk factors [31] , but this is perhaps not surprising given that infant growth is a surrogate measure of accumulation of risk because the other risk factors act to accelerate early life growth to put infants on a trajectory towards obesity [33] [34] [35] [36] [37] . This is why our prediction equations focused on weight gain as the key predictor of risk for childhood obesity.
A recent meta-analysis of 10 birth cohort studies including 47,661 participants reported that a one unit increase in weight zscore change between birth and one year of age conferred a twofold increase in risk for childhood obesity at ages between six and 14 years [15] . This study had a large multi-national sample and an outcome in middle to late childhood, but it only provides an equation to predict the risk of childhood obesity at one year of age. In this way, it is similar to other smaller studies that have used logistic regression to investigate exposures that confer increased childhood obesity risk [13, 17, [38] [39] [40] . The problem with these existing prediction equations is that there is no practical translation as we cannot expect all infants to be assessed for obesity risk at one year of age, for example, or to have the same variables collected at the assessment as included in the prediction equations.
A paper-based tool to predict an infant's risk of childhood obesity has been proposed [17] , but it relies heavily on the user and has a number of design issues. For example, the equation requires conditional weight gain, thus the user has to convert raw data to z-scores, which necessitates a strong understanding of statistics. As an obesity prediction tool needs to incorporate multiple complex equations and perform background calculations whilst also being user friendly, we believe that an electronic tool is the only realistic option. Indeed, a web-based prediction tool has recently been developed [18] which performs the background calculations and is therefore a great improvement on the paperbased model. The tool requires information on parental BMI, number of household members, maternal professional category, gestational smoking and birth weight, and this requirement for so many variables may unfortunately limit the usability of the tool. During the development of our App, we found that maternal BMI was often not available, and focus groups with health visitors revealed that frequently this was because the mother was unwilling to reveal her weight or be weighed. This is why we chose to have maternal BMI as an optional addition to the App, with little or no difference in discrimination. Furthermore, many mothers are not able to provide paternal BMI, either because they are single parents or simply because they did not know it: for example, it is notable that 12% of the BiB cohort sampled in this study were single or not cohabiting with their partner. In addition, it has been reported that women tend to underestimate the weight of partners who are very overweight [41] , thus there are several risks of introducing bias when parental BMI is required for prediction either through missingness or error of this information.
We present the development of a practical mobile phone application that can be used during a wide range of ages (4.5 to 13.5 months) in infancy when growth monitoring is part of routine health care [16] . The App requires information on baby's sex, date of birth, birthweight and current weight, and users can optionally add maternal height and weight (to calculate BMI). We chose not to include ethnicity and gestational age in equation 1 because although they were significant predictors in the development model, neither of these factors was significant in the internal and external validity analyses. Furthermore, ethnicity in our sample was restricted to White British and South Asian and it was felt that this would not reflect the ethnic diversity (or lack thereof) in many areas. The App is user friendly; it requests only essential information, allows the user to input data in any unit, and is designed so the user is always moving forward without having to return to screens that they have already seen. The advantages of an electronic tool over alternatives, such as the paper based tool [17] , are that the App incorporates complex background equations to avoid the practitioner having to do the calculations themselves; it can include any number of prediction equations to account for infants being assessed at different ages and for the real life scenario that not all predictor variables will be available in all instances, and it gives a simple result linked to evidence based advice.
The lack of a hard outcome in adolescence or adulthood is perhaps the greatest limitation of the present study, because even though obesity risk tracks across the life course [42] [43] [44] [45] [46] , some infants with high risk for our outcome at age two years may not progress to develop childhood obesity or disease outcomes in adolescence or adulthood. We did, however, include a measure of rapid weight gain over the prior age period (.1 centile band between 0-2 years) in our outcome because it is a major risk factor for a plethora of adverse health outcomes [13] [14] [15] [47] [48] [49] [50] and therefore has greater specificity than just high BMI. Another limitation is that although the prediction equations were developed in the UK in a predominantly White/South Asian cohort in an area with high levels of socio-economic deprivation, and validated in a separate predominantly White cohort with low levels of socioeconomic deprivation also in the UK, the equations may not be generalisable to international populations; further validation is therefore warranted.
As a next step, qualitative work is needed to understand how this tool will be received by health care practitioners. As children in the Born in Bradford cohort grow up there will be an opportunity to update our prediction equations using later life health outcomes. Alternatively, a similar approach to that used in the Druet et al [15] paper could be used to pool data from UK and international birth cohort studies to develop a series of prediction equations for use in infancy. Now the App has been developed, new prediction equations can be incorporated as software updates with minimal work. The App could also be developed to incorporate any number of other functionalities, such as plotting of growth measurements on a growth chart, geospatial mapping of an infant's obesity risk score compared to their peers, and an obesity prevention programme for those infants identified as having high risk. A social networking service could also be integrated into the App to encourage parents to share personal experiences and learn from one another. Social networking analysis suggests that an individual's weight is influenced by their friendship network [51] and this may be a factor in the spread of obesity [52] , particularly in environments where overweight and obesity is prevalent and there is a misperception of one's own weight status [53] . Thus, the use of the App may become more widespread as parents discuss it within their social networks, resulting in a greater awareness of the risk of childhood obesity and possibly the sharing of information on ways to prevent it. Other future developments include building a web-based application, which could be integrated into existing clinical software, and to create an App for the android platform, thereby allowing the App to be accessed by a wider audience.
In conclusion, we have developed data driven prediction equations for risk of childhood obesity and incorporated them into a mobile phone application, thereby providing proof of concept that childhood obesity prediction research can be integrated with advancements in technology to deliver a clinically relevant tool to practitioners. Table 7 . The predictive ability of the obesity risk score for childhood obesity derived from a model comprising sex, birthweight zscore, weight change z-score between birth and 6 (equation 1), 9 (equation 2) or 12 (equation 3)months, and maternal BMI. 
